This study attempts to estimate the value-at-risk (VaR) to forecast volatility for both conventional and Islamic stock markets in Malaysia. In particular, the purpose of the article is to investigate whether GARCH models are accurate in the evaluation of VaR in emerging stock markets such as Malaysia.The daily return of the conventional (KLCI) and Islamic (FBMS) stock market are analysed for the period 2000 -2015. The volatility model of GARCH (1,1), TGARCH (1,1) and CGARCH (1,1) with a normal and and student-t distribution are used to model the conditional variance of the stock market returns. The VaR violations of unconditional coverage and the backtesting procedure of Kupiec test are used to check the reliability and accuracy of the volatility model used for both normal and student-t distribution. Based on the Akaike Information Criterion (AIC), the best model for modelling the conventional and Islamic stock market returns is TGARCH (1,1) . The backtesting results showed that for all GARCH models used, the normal distribution gives better forecast VaR compared to the student's t distribution.
INTRODUCTION
The modern portfolio theory (MPT) describes the strong relationship between risk and volatility where volatility generates risk associated with the level of dispersion around the mean. In stock market situation, the greater the standard deviation means the greater the stock market dispersion of returns and the greater the risk of the stock market. In other words, the investment is riskier given that the chance to generate excess returns is higher. Therefore, investors who desire for a higher 2056 return must also prepare for any financial uncertainty. Many previous studies have found models and theories with sophisticated tools that are applicable in measuring and forecasting the stock market risk. One of the common used risk measure is called value at risk (VaR) . VaR is used to calculate the maximum financial loss over a specific time frame for a given confidence level by focusing on the estimation of the tails distribution. The primary reason for the underestimation or overestimation of VaR is because numerous application in the financial field assume that stock market returns are normally distributed while in the real world it is leptokurtosis which exhibit skewness and excess kurtosis. This paper aims to explain the most accurate model to forecast volatility and analyzed the existence of empirical facts in conventional and Islamic market in Malaysia. This paper is organized into seven sections. Section one provides a literature review follows with the methodology used in Section three. Section four discusses the backtesting procedure to check the accuracy of the model used. Next, section five and six provides the descriptive statistics and empirical findings. Finally, section seven concludes the paper.
According to (Goudarzi , 2011) , it is essential to continuous study and find out the most accurate measurement of volatility in assets pricing, risk and portfolio management. The application that commonly used in estimating the volatility of stock market returns is the ARCH (GARCH) models. This is due to the capability of these models to capture the characteristics of return series and identify the random movement of stock market prices. Previous studies show no final decision on which one is the best model to forecast volatility. There were studies present a good forecast result based on the simple GARCH (p,q) models but some present that the extensions of GARCH models such as TARCH, EGARCH, APARCH and others provide a better forecast result. In research study done by (Angelidisa, Benosa, & Degiannakis, 2004) on S&P 500 Index proves that the combination of a leptokurtic distribution and a simple asymmetric volatility model AR (1) EGARCH (0, 1), is a good combination in estimating the VaR. Study done by (Smolović, Lipovina-Božović , & Vujošević, 2017 ) joined the ARMA model with different specifications of conditional heteroscedasticity models and found that GARCH (1,1), APARCH (1,1) and TGARCH (1,1) are accurate to forecast VaR in emerging stock market. Finding from (Li, Lian , & Zhang, 2016) presents that EGARCH (1,1) is the best forecasted model for Europe Brent crude oil while APARCH (1,1) and GJR-GARCH (1,1) outperformed other GARCH models for West Texas Intermediate (WTI) Cushing crude oil. The forecasting VaR procedure can also be used for the purpose of finding whether Islamic or Conventional stock market are less volatile to the financial uncertainty (Abdrashev, 2016) . Study done by (Bhatt & Sultan, 2012) shows that the Shariah stock market has lower risk premium than the conventional market. In term of the risk premium, (Albaity & Ahmad, 2011) show that Islamic markets has leverage effects but no risk premium. Another study in Islamic market has been done by (Nasr, Lux , Ajmid, & Guptae, 2016) on the Dow Jones Islamic Market World Index (DJIM) and the result presents that Markov-switching multifractal (MSM) model outperform the GARCH, FIGARCH and FITVGARCH models in the prediction of VaR.
METHODOLOGY
The data used are the daily return for FTSE Bursa Malaysia KLCI Index (KLCI), FTSE Bursa Malaysia EMAS Shariah Index (FBMS) from year 2000 -2015. The continuously compounded rate of return is given by: (1)
Given that t P is the closing price of the security at time t, the stock market returns contain predictable and unpredictable returns as presented in equation (2). . In estimating the log return series, the ARCH (q) model which was introduced by (Engle, Autoregressive Conditional Heteroscedasticity with Estimates of the Variance of United Kingdom Inflation, 1982) was used to represents the conditional mean equation thus the conditional variance is expressed as a linear function of the previous q squared innovations written as:
To make sure that the conditional variance is positive, the parameters must satisfy 0, 0 and 1, 2,3... .
The higher order GARCH (p,q) model proposed by (Bollershev, 1986 ) is generalized from ARCH (p) model by adding the moving average term as below:
One of the extension model of GARCH (p,q) that consider the asymmetric effects observed in the data is the Threshold ARCH or TARCH model which has been introduced by (Glosten, Jagannathan, & Runkle, 1993) and (Zakoian, 1994) . The simple model of TARCH (1,1) is defined as:
The TARCH model explains that a response of volatility is influenced by the news information either bad or good news. The bad news 1 0 t  −  are followed by higher volatility while the good news 1 0 t  −  are followed by the lower volatility. In addition, the GARCH (p,q) model are also arguably does not consider the trend and seasonality in stock prices. To capture the volatility dynamics of time varying persistence, the component GARCH model (CGARCH) has been introduced by (Engle & Lee , 1999) and (Ding & Granger, 1996) to capture the trend and seasonality in longer time period. The simplified CGARCH (1,1) equation is provided as below:
Previous study done by (Engle, Autoregressive Conditional Heteroscedasticity with Estimates of the Variance of United Kingdom Inflation, 1982) assumed that the distribution was normal. Subsequently, (Bollershev, 1986) has introduced the standardized t-distribution with degrees of freedom, ( ) 2 v − which given as:
is the gamma function and v is the parameter that represents the thickness of the tail distribution. If 4 v  , the conditional kurtosis is equal to ( ) ( ) 3/ 24 vv −− which above the usual normal value of 3. For the standardized normal distribution series t  , the estimation of VaR at 95% and 99% confidence level and for one-step ahead forecast horizon is computed as:
For the standardized student-t distribution series , the estimation of VaR at 95% and 99% confidence level and for one-step ahead forecast horizon is computed as:
v degrees of freedom from t-distribution. The backtesting procedure was done after VaR estimation to test the reliability and accuracy of the model used. The procedure is important to identify the amount of losses predicted by VaR model is accurate by comparing the forecasted VaR with the actual realized returns generated from the historical stock prices observation. According to (Danielsson, 2011) the VaR limit is said to have been violated given that a financial loss on a particular day exceeds the forecasted VaR as formulated below:
The violation ratio (VR) is calculated by dividing the observed number of VaR violations and the expected number of VaR violations. The expected number of violations is calculated as t pw  where p is the respective probability used and t w is the number of observation used to forecast risk. The VaR model is said to be under forecasts risk if the violation ratio is greater than one while on the other hand if it is smaller than one the VaR model is said to be over forecasts risk. To confirm whether any other value is statistically significant other than expected VR=1, the following guideline explained by (Danielsson, 2011) to explain the accuracy of the selected VaR model. The first one is if the value of the VR ∈ [0.8, 1.2] the forecast is good. If VR<0.5 or VR>1.5 the model is imprecise and if VR<0.3 or VR>2 the model is not good. Another process of backtesting involved unconditional coverage tests for the correct number of exceedances is the Proportion of Failure test (POF-test) which also known as Kupiec test. Let 
The unconditional coverage for 95% confidence regions introduced by (Kupiec, 1995) are presented in Table ( i). The failure rate recorded follows a binomial distribution given that the number of exceptions in the sample is N and the failure rate is N/T. The no rejection region in Table ( i) are defined by the appropriate log-likelihood ratio statistics:
The Kupiec test is asymptotically distributed Chi-square with degree of freedom equal to one. Both conventional and Islamic time series shows signs of volatility clustering as shown in Figure ( i). The tendency of large changes in prices shows that there is persistence in the magnitude of the price changes. Based on the unconditional variance of standard deviation from Table ( ii), FBMS has the highest volatility followed by KLCI. For normality test, the series must have skewness equal to zero, kurtosis coefficient equal to three and has probability of Jacque-Bera greater than 0.05 to meet the requirement of normal distribution. Table ( ii) presented that KLCI and FBMS have positive skewness which showed that the returns are inclined to the right side of the distribution. The kurtosis value represents that the return distributions of KLCI and FBMS the thickness in the tail of KLCI and FBMS feature leptokurtic distribution due to coefficients larger than three. Finally, the Jacque-Bera p-value show KLCI and FBMS Index violated the normal distribution criteria. 
DISCUSSION
To check the model accuracy, the backtesting procedures of violation ratio, Binomial test and Kupiec test has been done to compare the forecast VaR with the ex-post realized returns for all models. The procedure of violation ratio is occurred when financial losses exceed the previous day's VaR. By using a sample of T = 246 days observations, the violation ratios for both conventional and Islamic indices based on 95% and 99% confidence level are considered as shown in Table ( vii) . The expected number of violations for 95% is calculated by using the formula explained in [6] thus, for 95% confidence level, the expected number of violation is 0.05×246=12.3 while for 99%, 0.01×246=2.46. By using 95% confidence level, the KLCI Index results exhibit that all model is said to be over forecasts risk because the value is smaller than 1 except for the CGARCH (1,1) normal distribution model. However, for student's t distribution, all models are over forecasts risk. Different with Islamic Index (FBMS), all models over forecasts risk except for the GARCH (1,1) normal distribution model. For KLCI Index, the GARCH (1,1) and TARCH (1,1) with normal distribution displays the forecast model is good because the value of the VR ∈ [0.8, 1.2]. For FBMS Index, the TARCH (1,1) and CGARCH (1,1) normal distribution showed the forecast model is good. All model with student's t distribution for both KLCI and FBMS Index showed that the model is imprecise because VR<0.5 or VR>1.5. Based on the Binomial test, the result show that for 5%, the critical values used are ±1.96 while for 1% the values are ±2.57. Based on 95% confidence level, the forecast VaR for all models with normal distribution are located under the non-rejection area thus the null hypothesis is accepted. However, for student's t distribution, the forecast VaR in under rejection area which reject the null hypothesis. The result for 99% confidence level shows that all test statistic values are located under the non-rejection area thus the null hypothesis is accepted. The results of the Kupiec test are presented in Table ( 
CONCLUSION
Based on the descriptive statistics result, both markets feature leptokurtic distribution with skewness skewed to the right and heavy tails. The TARCH (1,1) is the best fitted models based on the values of AIC and SIC. The backtesting result of violation ratio show that for 95% confidence level, the KLCI and FBMS Index show the result of over forecasts risk for both normal and student's t. confidence level yielded a good forecast result but when the confidence level is increased to 99%, a small sample size may lead to lack of convergence in estimating the number of exceptions. The normal distribution provides a good forecast VaR than student's t distribution. To overcome the problem of difficulty of VaR models in estimating the heavy tailed of the return distribution, further study will be focuses on the heavy tails distribution by comparing GARCH models and the conditional Extreme Value Theory (EVT) specifications to improve the VaR forecasting performance.
